cpG islands (cGIs) are commonly used as genomic markers to study the patterns and regulatory consequences of DNa methylation. Interestingly, recent studies reveal a substantial diversity among cGIs: long and short cGIs, for example, exhibit contrasting patterns of gene expression complexity and nucleosome occupancy. evolutionary origins of cGIs are also highly heterogeneous. In order to systematically evaluate potential diversities among cGIs and ultimately to illuminate the link between diversity of cGIs and their epigenetic variation, we analyzed the nucleotide-resolution DNa methylation maps (methylomes) of multiple cellular origins. We discover novel "clusters" of cGIs according to their patterns of DNa methylation; the stably hypomethylated cGI cluster (cluster I), sperm-hypomethylated cGI cluster (cluster II), and variably methylated cGI cluster (cluster III). These epigenomic cGI clusters are strikingly distinct at multiple biological features including genomic, evolutionary, and functional characteristics. at the genomic level, the stably hypomethylated cGI cluster tends to be longer and harbors many more cpG dinucleotides than those in other clusters. They are also frequently associated with promoters, while cGI clusters II and III mostly reside in intragenic or intergenic regions and exhibit highly tissue-specific DNa methylation. Functional ontology terms and transcriptional profiles co-vary with cGI clusters, indicating that the regulatory functions of cGIs are tightly linked to their heterogeneity. Finally, cGIs associated with distinctive biological processes, such as diseases, aging, and imprinting, occur disproportionately across cGI clusters. These new findings provide an effective means to combine existing knowledge on cGIs into a genomic context while bringing new insights that elucidate the significance of DNa methylation across different biological conditions and demography.
Introduction
The human genome exhibits high levels of DNA methylation, [1] [2] [3] [4] [5] a pattern referred to as "global DNA methylation." 6 However, contrary to this general pattern, there are numerous genomic regions characterized by low levels of DNA methylation. These regions, called "CpGs Islands (CGIs)," were originally discovered as sequences with an unusually high frequency of unmethylated (hypomethylated) CpG dinucleotides. [7] [8] [9] With the advent of genome sequencing, several computational algorithms have been developed to identify CGIs from the genomic sequences. 10, 11 A key feature of these computational algorithms is a metric to quantify the observed frequency of CpG dinucleotides normalized by the G+C content, commonly referred to as "CpG O/E." 1, 12 Genomic regions exhibiting particularly high CpG O/E, among other characteristics, are generally considered good CGI candidates (e.g., ref. 11).
Even though CGIs are generally characterized by their unmethylated status, some of them undergo DNA methylation in a tissue-or developmental stage-specific manner (e.g., refs. [13] [14] [15] [16] . Aberrant methylation at some CGIs is implicated with disease, particularly cancer. 17, 18 Interestingly, recent studies have begun to unfold intriguing functional heterogeneity among CGIs. For example, long and short CGIs exhibit different regulatory activities such as gene expression complexity 19 as well as nucleosome depletion patterns. 20 A recent evolutionary study determined that while the majority of CGIs may actively avoid DNA methylation, some CGIs are likely to maintain high CpG contents via methylation-independent processes such as biased gene conversion. 21 These findings begin to shed light on the potential diversity among CGIs. At the same time, they highlight many unanswered and critical questions: for example, are all CGIs similarly hypomethylated? Do all CGIs exhibit tissue and developmental stage specific variation in DNA methylation? Alternatively, is there a group of CGIs that tends to exhibit variable patterns of DNA methylation? How are these variations in DNA methylation related to regulatory functions of CGIs? Do methylation profiles of CGIs differ according to their evolutionary mechanisms?
Here we utilized recently generated whole genome DNA methylation maps (methylomes) with distinct cellular origins [22] [23] [24] [25] to investigate these pressing questions. Because these whole genome methylation maps provide information on nearly every CpG dinucleotide in the genome, they are superior to other assays in analyzing detailed patterns of DNA methylation variation. 5, 26, 27 We show that CGIs can be classified into several distinctive clusters based upon their patterns of DNA methylation variability. These epigenetically identified clusters of CGIs exhibit highly significant differences in genomic and evolutionary features and are characterized by distinctive functions and transcriptional profiles. Our results thus reveal fundamental diversity in human CGIs, and may provide new insights into epigenomic surveys of human health and aging.
Results

Patterns of CGIs DNA methylation in whole genome methylomes
We analyzed comprehensive whole genome nucleotide-resolution DNA methylation maps (referred to as "methylomes" henceforth) from five distinct human tissue samples. These data include the prefrontal cortex region of the brain from Zeng et al., 25 embryonic stem cells and neonatal foreskin fibroblasts from Laurent et al., 22 peripheral-blood mononuclear cells from Li et al., 23 and sperm from Molaro et al. 24 These five methylomes offer similarly comprehensive, high coverage information across the whole genome ( Table 1) . We calculated the methylomespecific DNA methylation of 26.7 million CpG dinucleotides (88.7% of all CpG dinucleotides in the human genome) and of 25 131 CGIs (89% of all annotated CGIs in the UCSC genome browser). Comparisons to methylation data from other methods indicate that the data we use offer a superior resolution for examining the detailed variation of DNA methylation in CGIs (Fig. S1) . Figure 1A shows the mean DNA methylation levels (as measured by fractional DNA methylation, Materials and Methods) from the whole genome and from CGIs. At the whole genome level, the five methylomes exhibit heavy (63-81%) DNA methylation, corresponding to those reported in the original studies of these methylomes. [22] [23] [24] [25] Consistent with many previous reports (e.g., refs. 28-31), CGIs exhibit significantly reduced methylation compared with the genomic background (Mann-Whitney test, P < 10 -15 , Fig. 1A) . Notably, CGIs in sperm show the most pronounced pattern of hypomethylation, even though at the whole genome level sperm is not the most heavily methylated (Fig. 1A) . Previously reported sperm-specific hypo-DNA methylation compared with somatic cells (e.g., refs. 2, 32, and 33) may have captured the particularly strong hypomethylation of sperm CGIs. Figure 1B illustrates the distribution of mean methylation levels of CGIs from the five methylomes. The majority of CGIs are hypomethylated (methylation level < 20%). However, substantial numbers of CGIs are hypermethylated (methylation level > 80%) ( Fig. 1B and C) . Interestingly, there is a strong negative correlation between CpG island length and average methylation level across methylomes: longer CGIs tend to be more markedly hypomethylated (Spearman's ρ = -0.38, P < 10 -16 , Fig. 1D ).
Distinctive clusters of human CGIs based on DNA methylation patterns
We employed a hierarchical clustering approach (Materials and Methods) to group CGIs according to their similarities of DNA methylation across the five methylomes. The resulting heatmap of DNA methylation variation across CGIs reveals several intriguing patterns (Fig. 2) . Strikingly, CGIs form several distinct clusters according to their methylome-specific DNA methylation patterns (Fig. 2) . As expected, many CGIs exhibit sparse levels of DNA methylation in all five methylomes. These CGIs are designated as "Cluster I" (Fig. 2A) . It is notable that many CGIs in this cluster still exhibit high levels of methylation variability ( Fig. 2A) . The remaining CGIs are differentially methylated across methylomes. Among these, approximately half of the CGIs are notably hypomethylated in sperm, yet exhibit highly variable patterns of methylation in somatic tissues and embryonic stem cells (Cluster II, Fig. 2A) . Some of these CGIs may correspond to CpG-rich sequences that are known to be specifically hypomethylated in sperm (e.g., refs. [33] [34] [35] . The remaining CGIs tend to exhibit relatively high levels of DNA methylation across the examined methylomes (Cluster III in Fig. 2A) .
We can further divide Clusters II and III into sub-clusters. For example, Cluster II can be subdivided into those CGIs that exhibit sparse methylation in sperm but relatively heavy (yet considerably variable) methylation in somatic cells (sub-cluster IIa), and those exhibiting sparse methylation in sperm and highly variable (ranging between hyper-and hypo-) methylation in somatic cells (sub-cluster IIb) (Fig. 2B) . Cluster III includes a distinctive sub-cluster of CGIs that exhibit heavy methylation in all tissues (sub-cluster IIIa), compared with those that show variable methylation across tissues (subcluster IIIb, Fig. 2C ). The presence of these multiple CGI clusters remains when the X chromosome is analyzed separately (Fig. S2) .
We also examined a larger number of tissues, including three additional methylomes of placenta, kidney, and cerebellum. 36 These additional methylomes consist of markedly lower sequencing coverage and/or fewer CpG sites compared with the five comprehensive methylomes ( Table 1 ). Despite such difference in sequence coverage and quantity, clustering analyses using these eight methylomes clearly demonstrate the presence of three distinctive CGI clusters (Fig. S3) .
Epigenomically identified CpG Island Clusters are distinct at genomic level Intriguingly, these CGI clusters, which have been identified solely based on patterns of DNA methylation variation, differ significantly in several genomic characteristics. The Cluster I CGIs tend to be the longest, which is consistent with our observation that longer CGIs tend to be less methylated (Fig. 1D) . They are also the most GC-rich, exhibit the highest CpG O/Es, and harbor the largest numbers of CpG dinucleotides compared with CGIs in other clusters ( Fig. 3A-C) . On the other hand, Cluster III CGIs are distinctively shorter than those in other clusters, as well as exhibiting lower GC contents and lower CpG O/Es. Notably, these CGIs consist of a strikingly low number of CpG dinucleotides compared with those in other clusters (Fig. 3D) . CGIs in the Cluster II generally exhibit genomic characteristics that are intermediate of the other two clusters. These differences are not due to a bias in mapping: CGIs in the three clusters show similarly high mapping coverages (results not shown). Autosomal and X-linked CGIs also exhibit a heterogeneous distribution: CGIs on the X chromosome are slightly yet significantly enriched in Cluster I, while deficient in Cluster III ( Table 2) .
Furthermore, these CGI clusters are highly heterogeneously distributed across different genomic regions. Cluster I largely consists of promoter-associated CGIs, while Clusters II and III include large numbers of intragenic and intergenic CGIs (Fig. 3E) . The observation that CGIs in Clusters II and III tend to exhibit highly methylome-specific patterns of DNA methylation is thus consistent with the idea that intragenic and intergenic CpG sites are highly variably methylated and exhibit tissue-specific DNA methylation.
37
DNA methylation variation supports evolutionary diversity of CGIs
Cohen et al. 21 used the genomes of humans, chimpanzees, orangutans, rhesus macaques, and marmoset (encompassing an evolutionary history dating over 35 million years ago 38 ) to infer evolutionary forces underlying CGIs. They classify CGIs into three evolutionary categories: the first class, "hypodeamination" CGIs, exhibit evolutionary signatures of hypomethylation. The second class, "biased gene conversion" (BGC) CGIs, are under strong BGC pressures. The third and final class, "pseudo" CGIs, have been formed by stochastic processes. Since evolutionary patterns of substitution depends upon germline DNA methylation, it is interesting to compare the evolutionarily inferred methylation to those of CGI clusters (Fig. 4) , contrasting two aspects: evolutionary inference vs. present methylation status, and germline vs. somatic cells. Cluster I CGIs are overrepresented in 'hypo-deamination' groups ( Fig. 4B) , as expected; evolutionary pressures for germline hypomethylation share some of the same underlying mechanisms with somatic hypomethylation. 39, 40 In contrast, Clusters II and III CGIs include large numbers of BGC islands ( Fig. 4C and D) . It is counterintuitive that many Cluster II CGIs, which are hypomethylated in sperm, are classified as BGC islands; if evolutionary classification truly indicate germline DNA methylation patterns, we should expect to see most Cluster II CGIs belonging to hypodeamination islands. CGIs in Cluster III include disproportionately large numbers of "pseudo" CGIs (9%, significantly higher than 0 and 2% in CpG island ClustersI and II). Consequently, these results indicate that many genomic regions that have arisen by non-methylation related processes (BGC or chance) and have been co-opted as current CGIs, exhibiting highly variable DNA methylation across different tissues. 
Functional diversity of CGIs reflected in DNA methylation variation
Gene ontology analysis shows that these clusters are enriched in functionally distinct genes ( Table 3; Table S1 ). Cluster I CGIs are generally associated with genes participating in "housekeeping" functions such as transcription and RNA-processing, consistent with the idea that hypomethylation of promoter CGIs regulate housekeeping functions (e.g., refs. 28 and 41). In addition, some developmental functions, in particular neuron development, are also overrepresented in Cluster I. Cluster II CGIs are associated with genes involved in morphogenesis and cell-cell adhesion. Genes associated with Cluster III CGIs have fewer ontology terms that are significantly enriched, which include protein phosphorylation, negative-regulation pathways, and signal transduction ( Table 3) . Variable DNA methylation of Clusters II and III may regulate tissue-and developmental stagespecific functions. We then directly examined patterns of gene expression across tissues and cell types using recent RNA-seq based gene expression profiles from six distinct human tissues. 42 As expected, 28, 41 genes associated with Cluster I CGIs are the most broadly expressed (tissue specificity is the lowest) compared with those associated with Cluster II and III CGIs (Fig. 5A) . Genes associated with Cluster II exhibit the most tissue-specific patterns of gene expression (Fig. 5A) . Cluster III CGIs are associated with genes demonstrating intermediate tissue specificity of gene expression compared with the other two clusters. The same pattern was also observed in the Novartis gene expression data (Fig. 5B) . 43 In addition, we examined the average number of transcription factor binding sites (TFBS), normalized by length, in CGIs. Cluster I CGIs have the largest number of TFBSs while Cluster II has the least (Fig. 5C) , consistent with the observation that ubiquitously active promoters harbor large numbers of transcription factor binding sites and many CpGs, while promoters that are tissue-specific have fewer CpGs. 44 At the same time, even tissue-specific CGIs encode large number of potential transcription factor binding sites (Fig. 5C) .
CGIs in disease, genomic imprinting, and aging A recent study 45 compared DNA methylation maps of over 1149 tumors with differing tissue origins and identified genes whose CpG island promoters frequently exhibit aberrant hypermethylation in cancers. Among these promoters that are prone to aberrant hypermethylation in cancers, 663 overlapped with our CpG island data. We find that 649 (97.8%) of them belonged to Cluster I. This is a significant overrepresentation even after considering that most promoter CGIs are found in Cluster I (P = 0.03, the Fisher exact test). The remaining 14 CGIs are from the Cluster II. A group of genes known as cancer/testis antigens (CTAs) are those that are typically expressed in testis yet aberrantly expressed in a large number of cancers. [46] [47] [48] [49] [50] [51] Among the 9 CTA families 51, 52 overlapping with CGIs, 7 are found in the sperm-hypomethylated Cluster II, which is a significant enrichment, as expected (P < 0.05, the Fisher exact test).
We also examined the association between imprinted genes and different CGI clusters. Among the monoallelically expressed human genes (http://www.geneimprint.org/, Materials and Methods), 33 overlapped with the CGIs in our data. Thirteen out of these 33 imprinted genes are found in the Cluster II, representing a significant enrichment (the expected number of imprinted genes in the Cluster II is 5, P < 0.05 by the Fisher exact test). In addition, we investigated whether CGIs that exhibit differential DNA methylation with respect to aging tend to be preferentially associated with specific clusters. For this purpose, we used the whole genome DNA methylation maps of three individuals of different ages (newborns, 26 y old, and a centenarian). 53 This study has identified 17 930 "aging" differentially methylated regions (DMRs), 53 294 of them overlapping with CGIs. While these CGIs are distributed across all three clusters, they are highly significantly over-represented in the Cluster II (P < 10 −6 , Fisher's exact test), and significantly underrepresented in the Clusters I and III (P < 0.05 and P < 10 −6 , respectively, Fisher's exact test).
Discussion
We utilized recently generated nucleotide-resolution whole genome DNA methylation maps to study variation of DNA methylation across multiple methylomes with distinct cellular origins. Our analyses uncover a novel diversity in CGIs. As well known, CGIs are, on average, significantly hypomethylated compared with the genomic background (Fig. 1A) . 8, 9 However, many CGIs exhibit highly variable patterns of DNA methylation across multiple methylomes (Fig. 2) . In fact, CGIs can be classified into several distinctive groups, or "clusters." The first cluster of CGIs is generally hypomethylated in multiple methylomes, and found in or near genes involved in essential, housekeeping pathways including transcription regulation and RNA processing. These CGIs are also associated with promoters (Fig. 3E) . Together, these traits indicate that cluster I CGIs most closely fit the original definition of CGIs. 10, 31 In comparison, some CGIs are sparsely methylated in sperm, yet exhibit variable levels of DNA methylation in other methylomes (Cluster II in Fig. 2A) . We tentatively refer to them as "spermhypomethylated" CpG island clusters, to be consistent with previous studies reporting sperm-specific hypomethylation. 2, 32, 33 They are enriched in cell adhesion and embryonic morphogenesis functions, and generally exhibit more tissue-specific transcription profiles compared with those in the Cluster I. Finally, approximately one fifth of all CGIs exhibit some degree of DNA methylation across different methylomes (Cluster III in Fig. 2) . Even though Cluster III CGIs are generally hypermethylated in the examined methylomes, they overlap with a large number of ). transcription factor binding sites and exhibit evolutionary hypodeamination, indicating that at least some of the CGIs in this cluster harbor true regulatory potential. For example, some intragenic and intergenic CGIs, such as those in the Clusters II and III, may overlap with cryptic promoters and enhancers that function in a highly tissue-and cell type-specific manner. 30, 54 A potential caveat is that two of the methylomes analyzed are from cell lines: embryonic stem cells harvested at passage 41 and a neonatal fibroblast cell lines at passage 13. 22 Consequently, future studies are needed to confirm these findings in a large number of primary cell populations. Nevertheless, CGI clusters identified based upon variation of DNA methylation are distinct at both evolutionary and genomic levels as well as functional levels, suggesting that these clusters represent a true heterogeneity between human CGIs at multiple levels. Long, promoter-associated CGIs are stably hypomethylated across different cell types, while short, intra-or inter-genic CGIs exhibit the most variable patterns DNA methylation. Future studies of CGIs may benefit from explicitly taking into account such heterogeneity.
For example, the majority of cancer-implicated CGIs are Cluster I CGIs, implying that methylation of these CGIs is likely to be detrimental and particularly disease-prone. It is interesting to note that an additional 14 cancer-implicated CGIs are found in Cluster II, which is hypomethylated in sperm. Similarly, the majority of cancer/testis antigen associated CGIs are found in Cluster II. In addition, "aging" CGIs are also significantly more enriched in Cluster II. The co-occurrence of aging-and tissue-specific DMRs in Cluster II suggest that these two aspects may share common molecular mechanisms. For example stochastic variation of DNA methylation across cell divisions may account for the observed variation of DNA methylation due to aging and across tissues, particularly for some short intragenic CGIs.
The distribution of the three cluster CGIs also provide practical insights into epigenetic surveys. For example, the widely used Infinium human methylation chip ("Illumina 450K chip") includes 136 000 positions in CGIs (7.2% of all CpG island CpG sites in the human genome), including 7.2, 5.8, and 10% of CpG sites belonging to Clusters I, II, and III. In light of our findings that Cluster II CGIs often exhibit the most pronounced variation of DNA methylation, this array may be less ideal than other methods to specifically investigate variation of DNA methylation. Also, this array targets a significantly higher proportion of CGIs in Cluster III, which includes a substantial number of "pseudo" evolutionary CGIs as designated by Cohen et al. 21 Consequently, some of the epigenomic variation detected by these positions may lack true regulatory meanings. Our study thus will help future studies to examine variation of DNA methylation across different biological conditions.
Materials and Methods
Whole genome methylomes
In this study we used whole genome, nucleotide-resolution DNA methylation maps (methylomes) of humans. We focused 0.050 additional significant GO terms for cluster I islands are shown in Table S1 . *FDR-corrected for multiple comparisons.
on analyzing normal tissues or primarily tissue derived cell lines, rather than differentiated cell lines or cancer genomes. Primary data consists of methylomes generated from embryonic stem cells (ESCs), 22 neonatal foreskin fibroblasts, 22 peripheral-blood mononuclear cells (PBMCs), 23 the prefrontal cortex region of the brain, 25 and human sperm. 24 The ESC methylome is from cell populations at passage 41, and the fibroblast methylome is from passage 13. 22 These methylomes were all generated with next-generation bisulfite sequencing technology and have similar number of mapped CpG sites, facilitating a direct comparison of CpG island methylation among tissues. As a comparison, we contrasted the whole genome methylation data from the prefrontal cortex to those generated via the reduced representation bisulfite sequencing methods as a part of the ENCODE project from the "BC_Brain_H11058N " cell line. Comparison of these data sets demonstrates that the whole genome methylation sequencing provides a superior coverage of CGIs (Fig. S1) . We extended our analyses to three additional methylomes: placenta, kidney, and cerebellum. 36 These additional methylomes were generated using the same methods but have lower coverage (Table 1) .
CpG island annotation and methylation
The annotations of the CpG islands used in this study were downloaded from the UCSC Genome Browser. 55 These CGIs are characterized as being at least 200 bps in length, GC content of 50% or greater, a CpG frequency (observed/expected; [o/e]) of 0.6, and having no repetitive sequences. To estimate the methylation level for each CpG island, we calculated the mean fractional methylation value for all the mapped cytosines within the CpG island. For each mapped cytosine, the fractional methylation value was calculated as: total number of "C" reads / (total number of "C" reads + total number of "T" reads), following previous studies. 5, 25, 26 We used the Refseq annotations based upon the current version of the human genome (hg18) to determine the overlaps between CGIs and the promoter, intragenic, and intergenic regions. Promoters were defined as regions 1.5 kb upstream and 0.5 kb downstream of the transcription start sites, similar to previous studies (e.g., refs. 25, 56, and 57). Intragenic regions were defined as those encompassing the region from the transcription start site to the transcription end site, and the rest of genomic regions were defined as intergenic regions. In total, we found that 40.2%, 38.9%, and 20.9% of CGIs overlapped with the promoter, intragenic, and intergenic regions, respectively.
Hierarchical clustering analyses
Clustering of CGIs of the five tissues methylome data was performed using a function called "clustergram" in MATLAB. It employs hierarchical clustering with Euclidean distance metric to first cluster the tissues and then cluster the CGIs. Ward linkage was employed to generate both dendograms.
Analyses of gene expression
Gene expression data from 6 human tissues (prefrontal cortex, cerebellum, heart, kidney, liver, and testis) from whole genome RNA sequencing 42 were aligned to the respective genome sequences by the TopHat program. 58 The expression levels were normalized by mean per-base read coverage with unambiguously mapping reads. The samples measured for the same tissue were averaged to represent the expression level for that specific tissue. The second data set was based on the Affymetrix human genome U133A array which was downloaded from Gene Atlas V2 (GSE1133), where the expression level was standardized by MAS5.0 algorithm. 43 We removed disease tissues, leaving only normal tissues in this data. Using these expression values, the "tissue specificity index" 59 was calculated by incorporating information on the maximum expression level among the tissues in each data set as follows:
where n is the number of tissues analyzed, E j the expression level of the gene in the jth tissue and E max the maximum expression level of the gene across the 6 tissues. The higher the tissue specificity index of a gene, the more tissue-specific its expression pattern is. To examine overlaps between CGIs and transcription factor binding sites, we downloaded the location of transcription factor binding sites conserved in the human/mouse/rat alignment from UCSC genome browser. A binding site was considered conserved across the alignment based upon the score threshold computed with the Transfac Matrix Database (v7.0). 60 We then Figure 5 . contrasting expression patterns and transcription factor binding sites of the three cpG island clusters. Tissue specificity gene expression indices based upon RNa-seq (A) and microarray (B) data are shown for the cGIs genes (blue bars) and non-cGI genes (red bar). cluster II is the most tissue-specific in both data sets, while cluster I genes are the most broadly expressed. all cGI genes are more broadly expressed than non-cGI genes (red bars). (C) The mean numbers of TFBss (per kb) for each cpG island cluster (blue bars), which are much larger than that from non-cGI genomic regions of similar lengths (control, red bar).
counted the number of transcription factor binding sites that were completely located within the CGIs.
Evolutionary substitution rates of CGIs
We used Cohen et al. 21 's evolutionary data downloaded from the Tanay lab website (http://compgenomics.weizmann.ac.il/ tanay). The data consisted of a list of bigWig tracks containing observed and expected evolutionary dynamics in 50 bp resolution, smoothed over 2 kb windows. We converted the bigWig encrypted files to bedGraph files using the UCSC utility bigWigToBedGraph. We then computed the weighted average of observed and expected rates for each CpG island region using custom perl scripts.
Discriminant and classification analyses
We performed linear discriminant analyses using the "lda" function from the package of "MASS" in R. We also performed support vector machine analyses using the "ksvm" function from the package of "kernlab" in R. For both analyses, 20% of the whole data were randomly selected as the training data set. After training the model, the predictions were made for the test data set and the accuracy was evaluated based upon the comparison between prediction and the actual label in test data set.
Data Availability CGI clusters, genomic and evolutionary features and DNA methylation levels across the examinedmethylomes are available in the Table S2 .
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